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Biometric recognition is automatic authentication of individuals using their physiological or behavioral traits, e.g., 
fingerprint, iris, face, palmprint, and voice. Widespread adoption of biometric systems (e.g., personal devices, ATM, 
immigration controls) is currently driving the demand for higher performance: accuracy, robustness and speed with 
limited resources. Biometric recognition using phase-based image matching is very promising due to its high 
accuracy and robustness. However, it has two important limitations. First, it has a long computation time that is 
prohibitive for one-to-many recognition, i.e., biometric identification. Second, performance of phase-based image 
matching degrades on images that contain poor texture appearance. This dissertation presents two recognition 
methods that address these limitations in representative application scenarios, i.e., palmprint identification and 
periocular recognition. The proposed method for palmprint identification efficiently computes one-to-many image 
comparisons utilizing convolutional sparse coding of phase features. The proposed method for periocular 
recognition deals with poor skin texture using a texture enhancement technique based on variance normalization. 
Experimental evaluation demonstrated the effectiveness of the proposed methods: the palmprint identification 
method exhibited a competitive time (around 1 second for a database of 600 palms) without significant degradation 
of recognition accuracy. This is more than ten-fold reduction from the computation time of phase-based image 
matching. The periocular method yielded the highest recognition accuracy reported for two public databases.  
 
1.  Introduction 
Nowadays, biometric recognition using image 
matching is being used in a wide range of applications, 
such as ATM services, authentication in personal 
devices, immigration controls, surveillance operations, 
etc. Biometric recognition is of great importance 
because it provides higher level of security than 
passwords and keys, improves user convenience, and 
detects and deters frauds. The widespread deployment 
biometric systems have reached a large population of 
users. This brought a demand for higher performance 
in terms of recognition accuracy, robustness and user 
convenience with limited resources. Particularly, high 
recognition accuracy is crucial in order to distinguish 
individuals with similar traits, which are more 
common in large populations.  
Accurate comparison of biometric images is 
difficult due to problems caused by imperfect 
acquisition and preprocessing, namely, occlusions, 
variation of illumination conditions, noise, and 
linear/nonlinear deformations. At the same time, fast 
recognition and sensing setups with relaxed 
constraints are desirable for user convenience. Several 
feature vectors and image matching techniques have 
been proposed to address these challenges1). Among 
them, Phase-Only Correlation (POC) is a highly 
accurate signal/image matching technique with a 
notable potential for biometric recognition. 
Phase-based image matching has already 
demonstrated effectiveness across multiple biometric 
traits, such as fingerprint, iris, face, and palmprint. It 
employs phase features computed by means of 2D 
Discrete Fourier Transform (DFT) of images. Phase 
features are advantageous because they convey a 
detailed description of the biometric textures. 
Phase-based image matching can accomplish highly 
robust recognition against nonlinear deformation by 
comparing corresponding local regions.  
However, recognition using phase-based image 
matching has two particular performance limitations: 
First, it has a high computational cost that is 
impractical in large-scale one-to-many recognition 
scenario, i.e., biometric identification, where an input 
image must be compared to all the images registered 
in the system. Second, it is sensitive to image quality 
and tends to decline on images that include regions 
 
with poor texture. For example, in periocular 
recognition, its performance degrades significantly 
when low-quality skin-texture is present. 
This thesis presents two major contributions that 
address each of the aforementioned problems, and it 
demonstrates practical impacts of the proposed ideas 
in real application scenarios: designing a palmprint 
identification algorithm with reduced computational 
complexity in Chapter 4 and designing a periocular 
recognition algorithm with improved accuracy in 
Chapter 5. 
2.  Preliminaries of Biometric Recognition 
This chapter covers the fundamental of biometric 
recognition. Regarding the attributes of biometric 
traits, they must be universal and accepted for 
authentication across the population. It should be 
distinctive, easy to measure or digitize, and permanent. 
To enroll a user in a biometric system, we must 
register an image of his or her trait in the system’s 
database, or gallery. In the recognition stage, the 
system performs sensing, preprocessing, and image 
matching. Sensing is for capturing of raw images that 
contain the intended trait. Preprocessing is for 
extracting and normalizing the trait images. Image 
matching essentially consists in computing feature 
vectors and comparing them with those stored in the 
gallery so as to assess the identity of the test user. 
Representative feature vectors from the literature are: 
competitive code, ordinal code, features based on 
Local Binary Pattern (LBP), and Scale Invariant 
Feature Transform (SIFT).  
There are two modes of operations and each has a 
specific accuracy metric. (i) Biometric verification, 
i.e., one-to-one recognition, is to answer the question: 
is this person who he claims to be? Verification 
accuracy is usually measured by the Equal Error Rate 
(EER). EER is the error rate when accepting an 
impostor and rejecting a genuine user is equally likely. 
(ii) Biometric identification, i.e., one-to-many 
recognition, is to answer the question: Who is this 
person? Identification accuracy is usually measured as 
the frequency of incorrect, or correct, identifications 
of the top (rank-1) identity.  
3.  Phase-based image matching for biometric 
recognition 
Basically, POC measures the similarity and 
translational displacement between two images in the 
form of a correlation function, i.e., POC function. 
This function displays a sharp and distinctive peak 
when the images have a consistent degree of similarity, 
e.g., images of the same palm, and none when they 
are not similar. However, the POC function can be 
very noisy due to low signal-to-noise ratio in the 
high-frequency components. The strategy in 
biometrics is to omit the high-frequency band. This 
approach is called Band-Limited Phase-Only 
Correlation (BLPOC), and it has proven effective and 
robust across various biometric textures.  
Robust and accurate authentication in biometrics 
requires an image matching technique that deals with 
variations in illumination conditions, scale and 
rotation, in addition to occlusions and global 
deformations. For example, in palmprint images and 
face images, global deformations are caused by 
variations in hand-pose and facial expressions, 
respectively; in face images, occlusions can be caused 
by glasses, masks, hats, scarves, etc. We can deal with 
these problems by using a block-wise image matching 
 
Fig. 1. Overall of the proposed phase-based periocular recognition method. . 
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 approach based on BLPOC, namely, Phase-Based 
Correspondence Matching (PB-CM)2,3). This method 
consists in a correspondence search step and a 
similarity evaluation step. Robust estimation of the 
corresponding block locations is possible by applying 
a coarse-to-fine strategy with a multi-resolution image 
pyramid. In this way, global deformations are 
approximated by minute translations of local block 
images, and the similarity between the images can be 
assessed as the collective similarity between the block 
groups. PB-CM is the center of the discussion for this 
thesis. 
4.   Phase-based palmprint identification with 
sparse representation 
This chapter introduces a palmprint identification 
method that addresses the computational complexity 
of phase-based image matching in one-to-many 
comparisons. The palmprint trait contains many 
distinctive features, i.e., ridges, creases, and wrinkles, 
over an area larger than fingerprints. Palmprint 
recognition allows user-friendly setups since 
palmprint images can be captured by a simple camera 
setup. Although, the computational cost of PB-CM for 
verification is acceptable, for identification, it is 
significantly high since it scales with the number of 
enrolled users or images registered in the gallery. As a 
result, the identification time of PB-CM is impractical, 
if not prohibitive, when a large number of users are 
enrolled in the system.  
In order to reduce the computational cost for 
evaluating the vast number of BLPOC functions, 
required in large-scale biometric identification, it is 
necessary to separate the overall computation into 
redundant and non-redundant parts. For this purpose, 
we propose a sparse representation of phase features 
using Convolutional Sparse Coding (CSC) and derive 
from it a fast evaluation technique for BLPOC 
functions. CSC approximates phase feature as the sum 
of convolutions between convolution filters, which 
contains common patterns, and sparse codes that 
contains the weight and coordinates for the patterns. 
Given a compact representation of phase features in 
sparse codes, the technique efficiently computes the 
BLPOC functions for one-to-many comparisons. We 
also include in this chapter a CSC optimization 
algorithm based on matching pursuit for learning the 
necessary filters and convolutional codes. Another 
advantage is that CSC of phase features reduces the 
storage requirements for the users' biometric data. On 
the basis of the techniques proposed in this chapter, 
we introduce an overall design of a palmprint 
identification algorithm applicable to large scale 
identification tasks. We implemented the proposed 
method and fast conventional methods in MATLAB 
and executed them on a system with Intel Xeon 
E5-2680 2.70 GHz. We perform a comparative 
evaluation on two databases. Table 1 presents the 
computation time and rank-1 identification error rate 
using a contactless palmprint database of 600 palms4). 
Phase-based methods yield the lowest error rates. The 
experimental evaluation demonstrated that the 
proposed identification method effectively reduces the 
computation time of phase-based palmprint 
identification in one order of magnitude without 
significant degradation of the identification accuracy.  
5.  Phase-based periocular recognition with 
texture enhancement 
This chapter proposes a phase-based periocular 
recognition method with improved accuracy7). The 
periocular region is the region surrounding the eye, 
and this special biometric trait has attracted 
significant attention for recognizing individuals in 
unconstrained scenarios with low user cooperation; 
typical use cases include surveillance applications and 
immigration control applications.  
The heterogeneous textures of the periocular 
components can include texture details that are minute 
and contribute poorly to the overall pixel variance. 
This is a major problem for phase-based image 
matching, since phase features are not suitable for 
describing these texture details. In order to achieve 
high recognition performance for phase-based image 
matching on periocular images, we have to deal with 
this problem. We found that texture enhancement with 
variance normalization significantly improves 
representation capability of phase features for images 
with heterogeneous textures, such as those observed 
in the periocular region. The overall process of the 
proposed method is depicted in Fig. 1. We performed 
experiments on two public databases, CASIA Iris 
Table 1. Experimental evaluation for palmprint 
identification. 
Method 
Identification 
error rate (%) 
Computation 
time (sec.) 
CompCode5) 9.86 0.31 
DOC6) 11.71 1.50 
PB-CM 0.024 14.9 
Proposed 0.048 0.95 
 
Database8) and UBIPr Database9). We compared the 
proposed method with two methods: LBP-based 
recognition10) and modified SIFT recognition11). Table 
2 and Table 3 present the experimental results for the 
CASIA and UBIPr databases respectively. 
Experimental evaluation demonstrated a clear 
advantage of the proposed method matching 
periocular images over conventional methods. To the 
best of the author's knowledge, the proposed method 
accomplishes the highest recognition accuracy in the 
literature for two public databases.  
6. Conclusion 
We have developed two high-performance 
recognition methods that employ phase-based image 
matching. The first method is a palmprint 
identification method that employs an efficient 
one-to-many matching strategy of phase features. This 
strategy is derived from convolutional sparse coding 
of phase features. In our experimental evaluation, the 
proposed identification method exhibits a 
computation time competitive with fast methods and 
no detriment in the high recognition accuracy of 
phase-based methods. Our method reduces to less 
than one-tenth the computation time of recognition 
using phase-based image matching. The second 
method is a periocular recognition method that 
improves the recognition accuracy of conventional 
phase-based methods by applying texture 
enhancement. The proposed periocular recognition 
method yields state-of-the-art recognition accuracy in 
periocular recognition. The contributions presented in 
this thesis expand the applicability of phase-based 
biometrics and open new directions for future 
research. 
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Correspondence Matching (PB-CM)2,3). This method 
consists in a correspondence search step and a 
similarity evaluation step. Robust estimation of the 
corresponding block locations is possible by applying 
a coarse-to-fine strategy with a multi-resolution image 
pyramid. In this way, global deformations are 
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the basis of the techniques proposed in this chapter, 
we introduce an overall design of a palmprint 
identification algorithm applicable to large scale 
identification tasks. We implemented the proposed 
method and fast conventional methods in MATLAB 
and executed them on a system with Intel Xeon 
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periocular images over conventional methods. To the 
best of the author's knowledge, the proposed method 
accomplishes the highest recognition accuracy in the 
literature for two public databases.  
6. Conclusion 
We have developed two high-performance 
recognition methods that employ phase-based image 
matching. The first method is a palmprint 
identification method that employs an efficient 
one-to-many matching strategy of phase features. This 
strategy is derived from convolutional sparse coding 
of phase features. In our experimental evaluation, the 
proposed identification method exhibits a 
computation time competitive with fast methods and 
no detriment in the high recognition accuracy of 
phase-based methods. Our method reduces to less 
than one-tenth the computation time of recognition 
using phase-based image matching. The second 
method is a periocular recognition method that 
improves the recognition accuracy of conventional 
phase-based methods by applying texture 
enhancement. The proposed periocular recognition 
method yields state-of-the-art recognition accuracy in 
periocular recognition. The contributions presented in 
this thesis expand the applicability of phase-based 
biometrics and open new directions for future 
research. 
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Table 2. Experimental evaluation for periocular 
recognition on the CASIA database (near-infrared 
images).  
Method 
EER (%) 
Left eye Right eye 
LBP 4.59 3.92 
m-SIFT 2.065 1.710 
Proposed 0.143 0.075 
Table 3. Experimental evaluation for periocular 
recognition on the UBIPr database (visible spectrum 
images transformed to gray scale). 
Method EER (%) 
Left eye Right eye 
LBP 19.59 17.70 
m-SIFT 5.57 4.15 
Proposed 3.16 2.87 
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